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Spectrum sensing method based on residual dense network
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Abstract: Aiming at the problem that the traditional spectrum sensing method based on convolutional neural net-
work(CNN) did not make full use of image feature and the ability of extracting the image feature was limited by the
shallow network structure, a spectrum sensing method based on the residual dense network (ResDenNet) was proposed.
By adding dense connections in the traditional neural network, the information reuse of the image feature was achieved.
Meanwhile, shortcut connections were employed at both ends of the dense unit to implement deeper network training.
The spectrum sensing problem was transformed into the image binary classification problem. Firstly, the received signals
were integrated into a matrix, which was normalized and transformed by gray level. The obtained gray level images were
used as the input of the network. Then, the network was trained through dense learning and residual learning. Finally, the
online data was input into the ResDenNet and spectrum sensing was implemented based on image classification. The
numerical experiments show that the proposed method is superior to the traditional ones in terms of performance. When
the SNR is as low as —19 dB, the detection probability of the proposed method is still high up to 0.96 with a low false
alarm probability of 0.1, while a better generalization ability is displayed.
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fE255 CNN BTG I 7 325 s IS EA 2 ] fift s
JEVF % n) L, A N )2 i S S B R T Y 49 &
F4) o CNN R BE IS N4 T T R 53 R0 (R HREAfG
Ko RXEALS CNN S kb a5 6 Lk iR
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W, P EUIE AR BE R B

WG F(xs) = H(Xg) =% » PRI J5 dge 0 e A e S5 14
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e BRB AP AESEERE ), AN SOl I % AR,
et Conv Z IS s, T AFEK Conv
SCARFAEAS D AT, i i Y 28 (1) AR5 i B Y R
1. FEARZEL (BDB, basic dense block) 454
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b, [ R FRE B 3 e bz . B8 Tt
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ERFF RS IU/ER, &> RDB b S
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N> RDB [#4A4™ Conv M4 th gt 7 fE 1R, S
PURFE B EOESEAL 8. 45 d 4> RDB 451K 6
7o &5 d 4> RDB (A St 225004 F, ATF,
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23], db—LE RDB MIFHESRIAE ), HET
P2 AT K e

RDB J % 8 BRI E B AR A 25 Bl ke,
SCHURFAE A R S A LS R R ik 2524 ), Al 3%
FRBR LT G, SEBLTEIRIGM S, A B
FIVEEASAE, TOlRAESE CNN S I8 A 7 V2 e 4
0 fig 71 52 BRI ) i

A SCHRE H IR 2 ResDenNet #5138 A5 80 g
N2 RERFESREL Conv. £~ RDB ZHE. FC
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F,=H (Wx,) (13)

o, x RN | IRIKBEEIR, W KR X,

WYL, H () X Ui Z M AES Mg
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7 ResDenNet Sl i/ A5 7Y

AICHE RDB W5 T H#E421EH, R4 RDB [
SR PTH RDB A% HHARE, TR B
W], SEHLNRRR IS R R IR A G N A
TR MR A EOF HALAL T &5 3 RDB i

it Conv. ReLU Z5#/E, FEHUNK L G 1) 2 SR 1IE
Fy k500
Fy =Hyppa(Fyo) =
HRDB,d(HRDB,(H("'HRDB,](FO)"'))d =1 (14)
H, Hepg g () A% d A RDB HJARZ I B pai KL

IKIE UG 3L A 1) RDB RRIESRHUS 11 Fy 3

)|
Fo = HRDB,D(Fd) (15)

B0 A R SRR E N HIYE L, MR FC o
Softmax PREON M THEAT 002K, 1337028k
REAERH BUH, , BE S8 A K

AL E ResDenNet [1) RDB N #B1IGFUZ K
NH XD, IRBRAERBUGGERIZ A 3x3, fEE
BRI E 8.

3.4 ResDenNet Sflif BEE1 &%

ResDenNet KL #E m %F Il 25 A A £ 4
(X0, YD), XMy ™Yy X AR RE A 4
XDy My )M ey e O Syl
ST ERE, YO BRSSO R AR IR
Ty I 2y s BEHLER B2 R Bk (SGDM, stochastic

gradient descent with momentum) , ResDenNet 577

F i N A L PR IR ART P i A

Fo (Xi,{W})=§/(i) = y(i) (16)
ResDenNet Il Z5 1) 4% 2K b8 20 K
loss(W) = —22: y™ (k)logy™ (k) +
(1-y™ (k) log(1 - §™ (k) (7

ResDenNet A & A1 HIE % 1 s,
% 1 ResDenNet Ak mn &5
BN IZAREA (XD, y D), (xX™, y ™)}, KH]
SGDM HIAEAAEW |, Fe KIEAIKEL TterMax, ]
“[it*izli {(X(mH) , y(m+l))’. -, (X(m+n), y(m+n))}
WE P AR,
BB 1 I B M Nl 2 A
(X0, YD), (xX™, y ™)
L2 while i < IterMax do
F,=H(W x x®)
Fy= HRDB,d (Fy) =
HRDB,d (HRDB,d—l ( o HRDB,I (Fo)‘ ' ))d =1
Fp = HRDB,D(Fd)
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A (16) 55T ™
loss(W ) = —22: y™ (k) logy ™ (k) +
k=1

(1= y™ (k) log(1-§™ (k)
i=i+l
end while

T3 CIRBY B K A A H
{(X(m+1)’ y(m+1))’. . ’(X(m+n) , y(m+n))} iﬁ )\ i}” é/% j:—% EIE E,:J
ResDenNet #5741, HERUUIRAUT] Y RS A
AN K » RPN AL SRR K

n- knoise

fa n

\ Kygn
SR|4 WHPR == P

4 KBWERKS

41 WiREE

A MATLAB 1/ 5. QPSK i %, 1%
. Q PIERAE T 1 N ANKRAE Ul 2FIk M AT
n/ M FURHERE I AT - A BEAR T . M 75 R
YIME M 0. 2R 11 WGN (SR £0me ) o g
PMBETELEE RN, ALK ATH] MATLAB ) 5k
R AAETE . LRI S 803 w3 A BN LRI 4R 4L
R RO AT R R Z R, Kbt E (MB,
mini-batch) &4 128, fiH] SGDM fERIZ Ty
%, Hor, sha i &R 0.9, 22 R BE A 0.01,
W Simulink ) AWGN #4, 13 A
SNR AU 7 R SH5 5 il -
42 BIEHTEREXTEE

h T IR P37V AT 0 o AR BT 5 AN S :
SEIG 1 AT 4% )2 06 ResDenNet CNN A 81
ETERERE M SERG 2 FHEERAE SO ResDenNet
AR N T VA BRI A SR 3 XF LY ResDenNet.
CNNR SYMU G AT T VR MR A 5286 4
XLEAE WGN. BrZLBE 500 K, ResDenNet. CNN
FTSVM A 01 572000 Py 5 9256 5 LhASE ResDenNet.
CNN F SVM il s 7 1E M 321808 TAFRRFIE(ROC,
receiver operating characteristic) Hi£&.

1) M%%)Z2%506 ResDenNet. CNN St &40 77
EPEREIR

AATEEG T, 2 B SEAH ] S5 R A R
ResDenNet & A #EAIER A # AL IERE, CNN Lt
U7 I S U S B el T~ G A )
ResDenNet, CNN i &A1 7 VP REII 5200, SEUG
LEFEZAS SNR RGPS S A2k

FEA: 7E SNR 4—19~0 dB JzH A LL 1 dB K IAfE,
BEFP SNR HL 50 X5 544, 41 1 000 XHE =
A AAE S INGAEA; BT 000 XF WGN 15
SYERBAE S IIGREA . MR AL B v
e BERP SNR HLU 5 0HE 538, A® 100 415
SHEARVENAAE S INERFEA; B 100 X WGN 15
SRS S A A

ResDenNet. CNN Z FSHERf 4 bl 9 25 J2 40 L 11
Al 8 Fron. HE 8 AL ML < 11 W,
ResDenNet [FHERfFREL CNN B & 24 L=11 1,
ResDenNet [F#ERfZ B =T CNN. 414 L 24 5.
20.74 I}, ResDenNet [FI#ERf %5 51 Lk CNN 15 4%
34%. 69%. J5[A7E T ResDenNet [ 48 3% 250 i
ANIRHE S BRI, $271 T ResDenNet [FHF1E
PEHLAE S, I s R M E R B T R
W, AR T MERR . K 8 B AT LA H,
2 L =20 2N, ResDenNet (KU A5 KA 94%.
A WK H ResDenNet SEMUAIE AT, L AT ZEK
%, i3 ResDenNet A s A1 /71200 20 )2,

100%

,-0’0"9‘"@---9.
90% [ _.0° N o
"=O---Q--.

- -@_”(
80% | O
N
g AY
£ 700 | b

60% |

--©-- ResDenNet °"*>"~<>--<x._
--§-- CNN A

50%

5 10 20 3I0 4IO 5‘0 6IO 7.0 74
L
8 ResDenNet. CNN HERf 3 Fifi P4 465 )22 50 11254k

TR L RS CNN SRS B/ U %
R TR ARG R, B9 Z5H T 20 J2 44 )2,
74 )7 ResDenNet. CNN 4 2K kA LIk 1221k,

HHE 9 AT, 3 M4 240 N ResDenNet i
TN R (1 B3 2R B B B2 ) L CNIND KR 20 2
44 . 74 |7 CNN Sk @ Asi R fr 45 2k 3 7l B e 70
0.63. 0.65. 0.70 /cfi. 520 2. 44 2 CNN #lL,
74 J7 CNN B8RS FRE. a7 %, #ik
BRSS9 A, a6y g, WU i 9 S
WA Ko BURRE— HAAA T FRIRES, WG HZE
(1) W B A BT HO8, 7EUR)Z CNN R AE T AR
& [FIREULIH, AT 7 AR B A .
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20 T 2R (W% CNN-20L), ResDenNet 5 CNN-20L A<
S ReDenNetddL 7.2 b 7 T T 00 B R 3 B B, VI 5 B AR
LSy S 0L W R REASE A7 v ) 4.2.1 45,
—H CNN-20L JURBEVET P, o Py o USRI A0 7] a1

0 100 200 300 300 500
ERIRB IR
K9 202, 44 J2. 74 )2 ResDenNet. CNN 3 e Bfiik Ak H 284k

2) KFEEE ResDenNet A sk 7 ik ERE
fap=Al]

TEHARSE G R T, ARGl S QPSK &R 4L
RIS RRAE R RGeS LA AR
STRE S BT RSS2 ResDenNet A s 7321 1E g o
AN, DL 64, 81. 100, 400, 900, 1 600 MK
FE S5 M1, 234 ResDenNet 41 12 41143 K i 2
BERAE RSB, Wi 10 BT

100% A\e\é\

95%

90%

—6— SNR=-19dB
—¥%— SNR=-14dB
—&8— SNR=-9dB D
—&o0— SNR=-4dB

65% 500 17000
RAE BB

5 10 ResDenNet #Eff Bt R AY 25 545 1k

1500 1 600

FHE 10 T%0, B SRAFE S0 K, ResDenNet
AR 3 R UERf 2 B AR B8 BT N BRI
WYy SNR=-19 dB, RFf %0 64, 81, 100, 400,
900, 1600 I}, Ak s o3 FSHERH 270500 0 74%
80%-+ 90%-+ 84%-. 80%-. 69%. HISLAI40, | .
Q MM KA B ATENRZ, NIIALLRFE A
4 100 A, FEATSEES AT

3) ResDenNet. CNN Fl SVM A& 40 77k
SRR L

AATSEs T, 2 Fh CNN 235 5 20 Gof
CNN-5L) #1120 25 Pri ik HA A RS20 M 2%

# 1R, R 1Al iW, 5 CNN-20L ALk, A3
LM P T 71%, P, B 57%, Jrits VI Zki [a]
AR 10%, JE AT 8] PR 12% 03X 2 /1 T ResDenNet
TR R s A AR o T WSO R, A T
YIZRINT],  [RII 22 AR VR )2 CNN-20L FH A 3 2 iy
SKIG P, R IR . 5 CNN-SL AHEL, ASSCHTHE T
ERIVIZRI RGN T 26%, AN R3S 1T 95%.
JEPRE TA SO ERA 20 JRIRZME,, H2 M
LR AP SRS B, TH R4
e SV, ASCTTER PRTE T 13%, B, FHIK
T 68%. 5 SVM MHLL, ARSI PRI T 124%,
P, KT 83% H T TE VIZRIN a1 N T 113%, %0
ITEIBRAIR T 62%. IX 2 FH T ResDenNet J ikl 4%
2T SVM, UL I Zrml & A B,

ResDenNet S35 7] 6 BIKUAE 5 (19 26 5 G L Bk AT
SREIEEN, 1T SVM BE TR BRI IES 2L, FTbh
ResDenNet A IS0 77 4 BT s BSR4 . %
JE FIAE S 8 F I Rk B e IR PR SE i, 1
R ok B B s HEAT . UL, A SCHT IR
ResDenNet 715258 T s T AT (AR BT 1572

T2 JLFNEER Py P IZRET EIFNELENRT 8]

5k R Pu IR/ S /s
ResDenNet 0.94 0.06 32.42 4.06
CNN-5L 0.83 0.19 25.66 2.80
CNN-20L 0.55 0.14 36.11 4.62
SVM 0.42 0.36 15.24 10.72

MR FE T . n kAR
SVM HERIE AR A O(n+n*) P, CNN 15

L
ZRPEH OMY FPKIQQ.) ™, Hrfr, L. F v K A
1=1

Q, 7k 2 2 B | AR 2 R R
BRUWZAE R4 B IE$L . ResDenNet 15 CNN #3411
T HPE (AR 2 AbAET 1. ResDenNet 5k [15ERE
RIS ERER IR PAT R 2 MERRZ, 111 CNN
1 BN ZHES RIS L )2, Kk ResDenNet Ji/b>
TNGSH, BT HHRRIR . 3 FEE TR R
& PEFERF 4 SVM > CNN > Res DenNet o
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